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ABSTRACT
This paper presents and simulates a long-short market-neutral quantitative equity trading strategy for
US stocks. First, economic intuition and academic researches for which this trading strategy is based
upon will be explained. Second, to ensure that the trading strategy simulation would be as realistic as
possible, I will introduce some trading constraints, investment guidelines, and other assumptions/
restrictions about the strategy's backtest setting. Third, I will put in detail how the trading model is built
and how the strategy is executed. Fourth, the strategy's backtest result will be presented. Fifth, I will use
some risk factors to analyze the strategy's performance as well as compare the strategy's results against
these risk factors. Lastly, I conclude with several insights drawn from this research on quantitative
investment.
Thesis Supervisor: John DeTore
Title: Senior Lecturer, Finance
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1 Background and Ideas
In their 1990 paper, Andrew Lo and Craig MacKinlay documented existence of consistently positive
cross-autocovariances among US stocks from 1962 to 1987. They constructed a contrarian portfolio
strategy by longing stocks with below-average performance from previous period and shorting stocks
with above-average performance from previous period. In their analysis, the authors decomposed the
expected return of portfolio into cross-autocovariance among stocks as well as the stocks' own
autocovariances. In their empirical finding, both stocks' cross-autocovariances and own-autocovariances
contributed significantly to the model portfolio's expected profitability. The economic intuition behind
this phenomenon, explained by Lo, is large cap stocks usually have more investors and receive more
analysts' coverage. This allows large cap stocks to reflect information faster than smaller cap stocks,
evidenced by the generally positive cross-autocovariances between large and small cap stocks. In the
financial industry, it is also a well-known phenomenon that equity market in the large-cap space
operates more efficiently than small-cap space.
Taking the idea from Lo and MacKinlay's paper further, a new trading strategy can be formed based on
the assumption that stocks from popular indices like S&P 500 should lead other stocks in terms of
performance because S&P 500 stocks are heavily benchmarked and covered by more analysts than any
other groups of stock'. On top of this idea, it can be theorized that stocks' returns can be decomposed
into two parts: fundamental and noise. The fundamental part of return can be modeled by theories like
CAPM, APT, or the idea stated above. The noise part of return is the unexplained return from the
fundamental factors. It is the fundamental factors that will form a stock's expected return (or trend),
and the noise part (residual errors) that is expected to exhibit mean-reverting behavior towards the
fundamental mean 2.
While this claim is unverified, it conforms to common knowledge.
2 This idea is due to Professor Jerry Hausman from MIT's Department of Economics.
2 Strategy Setting and Constraints
This investment thesis is largely about implementing the ideas from Section 0 in the most realistic
setting possible. To attain this goal, I will adopt a trading framework 3 consist of data, portfolio and
investment rules, plus other assumptions.
2.1 General Framework
& Construct a long-short market neutral portfolio on US equities.
& The testing period will be divided into two parts:
1. In-Sample Period: 1/1/1990 to 12/31/2004.
2. Out-Sample Period: 1/1/2005 to 12/31/2009.
* The principle is to avoid any look-ahead bias. In actual implementation, different trading models
will be tested during the in-sample period. The out-sample period, however, will be free of any
look-ahead bias. Both in-sample period and out-sample period will adopt the exact identical
trading algorithm.
0 The portfolio's net worth is computed by value of long position (positive) + value of short
position (negative) + cash. Cash is also generated by short-selling and invested at risk free rate
minus 20 bps.
* Portfolio values are marked to market at each day's closing price.
0 $10 million is endowed at the beginning of each period (in and out of sample).
2.2 Data
e To minimize survivorship bias, the data source is the CRSP database, and all 17,000 stocks that
were ever publicly traded in the US since 1990 are included.
0 The Compustats database is used to retrieve information on historical membership of the
S&P500 index.
2.3 Trading Assumptions
e Trade is defined as adjustment to the portfolio according to release of instruction from a trading
strategy. A trade will only occur on the last trading day of a week.
0 Transaction is defined as transactions that take place to complete a trade. A trade may take
multiple days of transaction to be completed. Transactions can occur on any day of the week.
0 All transactions are executed and only executed at end of day. Every transaction is filled
completely at closing price.
0 For securities whose price start to disappear in the database, assume position for that particular
security is closed at previous day's closing price.
2.4 Portfolio Rules
0 At each trade, maximum position size is 5% for each stock on each side (long or short).
While I did some modifications, Professor Paul Mende from Mi's Sloan School of Management largely
constructed the rules and assumptions.
* At each trade, the portfolio cannot contain securities whose unadjusted share price is below $10
or above $1000.
* At each trade, position size may not exceed 5 times average daily volume (ADV) or 1% of shares
outstanding.
e Transaction on any given day will be limited to be within 10% of ADV.
2.5 Investment Rules
* No stocks may be shorted from a "hard-to-borrow" list.
* At each trade, dollar neutrality should be maintained within 2% of portfolio's net worth.
* Realized beta to the S&P 500 is targeted to be I I <0.25.
" At each trade, Industry net exposure may not exceed 15% of net worth.
* A security's industry classification is based on level-i SIC code (the first digit of SIC code). A
description of level-1 SIC code is included in Section 3.1.
2.6 Transaction Cost Assumptions
" Transaction cost is computed by the following:
c(Aq) = c1|Aq| + cz(Aq)2 .. 1)
Where Aq is the number of shares traded, c1 = $0.05, and c2 = $5 x 10-6.
" A trade can be split into several transactions to execute (i.e. several days) to reduce the
quadratic impact of a large order on transaction cost.
* When date of transactions differ from date of trade, the difference between target execution
price (i.e. the closing price on the date of trade) and actual price of transaction is considered
part of transaction cost (thus, transaction cost can potentially be negative).
3 The Trading Model
3.1 The General Setup
A rolling regression based approach is used to define the stock screening process.
r,+, = XtPt + Et 1  ...(2)
Where fit is a vector of coefficients obtained from regressing a stock's return from next period (rt,1) on a
vector of predicting variables from this period (X) in a rolling window of 52 weeks. Unless specified
otherwise, all variables are expressed in log returns.
Based on the ideas stated in Section 0, the possible factor candidates are:
A. Industrial index constructed by members of S&P 500 companies. The main industries li are:
12: Mining
13: Construction
14: Manufacturing
15: Transportation, Communications, Electric, Gas, And Sanitary Services
16: Wholesale Trade
l: Retail Trade
is: Finance, Insurance, and Real Estate
19: Services
Here, the industrial factors are constructed using the following method:
iy = Wt - r, ... (3)
where:
volume x price for stock i at time t
Wit = SumProduct(volume x price)for all stocks i in sector j
Weighting in the eight indices is volume-price based, rather than market cap or price based. The
reader can think of volume x price as the 'effective market cap" that a security has in driving
index return.
B. Each stock's own return from time t-1: r,1.
C. Fama-French Portfolio Factors4 Fi:
1. Mktrf: US equity market return minus risk free rate.
2. Umd: Momentum factor.
3. Hml: Value factor.
4. Smb: Size factor.
4 Specific descriptions of the factors can be easily found online. For example:
http://mba.tuck.dartmouth.edu/pages/facultv/ken.french/
D. Noise return: et
et = rt -YFt_1 
.(4)
YFt_1 = at 1 + X?=1 bit_1Fi,t- 1 + Y Z=z it-1,t-1
3.2 The Economics
3.2.1 Industry Factors
One fundamental premise in this investment thesis is S&P500 stocks' return should, on average, lead
other stocks' performance in the US equity market. To test this, I regressed 6042 stocks' weekly returns
from time t+1 on the stock's own industrial sector return (computed by Equation 3) from time t over the
entire sample period. The following table shows that the average of cross-autocovariance, adjusted by
sector variance, between S&P 500 stocks and other stocks is indeed positive with statistically significant
z scores:
Table 3.2-1
j{Beta) N sigma(pi) z score against Ho
(efficient market hypothesis)
Average Beta 0.0407 6042 0.0019 21.11
Percentage of stocks 57.76% 6042 0.64% 12.21
with Beta >0
Next, rolling regression over past 52 weeks' industrial sector return is run to obtain an expected (log)
return for each individual security. All eight industry sectors, instead of the security's own industry, are
used as predictors. The reason is industry classification cannot fully capture the nature of business that a
company operates in. In fact, failure to recognize the impact of some seemingly unrelated industrial
news on a particular firms' business tends to make positive cross-autocovariance a persistent
phenomenon. The last step is to regress the securities' realized returns against the expected returns to
see how effective the prediction model is. The number of observations is 3,144,172, with weekly return
generated by 6057 stocks over the entire period from 1991 to 2009. Rolling regression is run with
ordinary least squares on a 52-week rolling window. This setup will apply to all subsequent models in
Section 3.2. Here is the regression result:
Table 3.2-2
rt+1 = a + B -YIndt + Et+1
9 0.042 37 1391 0.04%
YIndt = at + Gitlilt
sThe database has over 17,000 stocks, but only 6042 stocks are used. The filtering rule is explained in Section 3.4
Although R2 statistics from this regression model is very low, it does not mean investors cannot make
money. In a frictionless market, only very tiny predictive power is enough make a trading strategy
profitable.
3.2.2 Past One-Period Return
From Lo and MacKinlay's paper, stocks' own negative autocorrelation also contributed significantly to
the contrarian portfolio's profitability. Similar analysis from Section 3.2.1 is repeated here. rti is now
regressed against rt to test for negative autocorrelation. The mean of 6075 beta coefficients is negative
with very significant z scores.
Table 3.2-3
t(Beta) N sigma(ii) z score against Ho
(efficient market hypothesis)
Average Beta -0.0376 6057 0.0011 -34.0175
Percentage of stocks 68.91% 6057 0.59% 31.797
with Beta < 0
Using a security's return from last week to predict this week's return, the following result arises:
Table 3.2-4
rt+1 = a + B - Yrt + et+1
Yrt = at + ptrt
0.098 2001 0.06%
3.2.3 Fama-French Factors
In this sub-section, I test the predictive power of Fama-French Factors by also using rolling regression to
form individual securities' expected return, and then see how well the predicted returns fit realized
returns:
Table 3.2.2
rt+1= a + B -YFamat + Et+l
YFama, = at + bitFi,t
1906 0.06%0.065
3.2.4 "Noise" Return
Suppose stocks' fundamental return is fully captured by the factors presented earlier (i.e., the industrial
factors and the Fama/French factors), it is then theorized that the residual returns should exhibit mean
reverting behavior. Again, similar procedures from previous sections are repeated here. et., is regressed
against et to test for autocorrelation. As expected, average beta is negative, and mean-reversion of noise
return is quite common among the 6057 stocks:
Table 3.23.2-5
i(Beta) N sigma(s) z score against Ho(efficient market hypothesis)
Average Beta -0.0478 6057 0.00099 -48.34
Percentage of stocks 76.66% 6057 0.54% 49.03
with Beta < 0
The degree of mean-reverting behavior of noise return is impressive. However, if we regress e,,, on r1,
the result is even more shocking:
Table 3.2-6
p(Beta) N sigma(p) z score against Ho
(efficient market hypothesis)
Average Beta -0.0980 6057 0.0012 -79.76
Percentage of stocks 87.78% 6057 0.42% 89.78
with Beta <0
Because 1) stocks' return are mean-reverting, 2) the error terms from the fundamental regression are
mean-reverting, we see that this week's return is an even better predictor for next period's fundamental
regression error. This makes it a strong case to include a stock's own last period return into the
prediction model.
Now, let's take out any look-ahead bias and see what happens if we use only information from a past
rolling window, with fundamental factors and previous week's return, to predict this week's return:
Table 3.2-7
rt+I = a + B YFrt + Et+1
4+ +
Y Frt = at + bit F-t+ Geit+9r
0.032 1582 0.05%
Surprisingly, this comprehensive model with 14 factors actually did worse than just using the
Fama/French factors or last week's return alone. Observe the R2 of 0.05% is actually lower than the R2 of
0.06% from using only Fama/French factors or R2 of 0.06% from using only last week's return. In the
financial market, relationships among stocks/factors often change over time. A statistical relationship
uncovered ex post will not necessarily improve ex ante predictions. This is a big caveat for all investment
strategies.
3.3 Trading Signal Candidates
We have seen the predictive power of factors introduced in Section 3.1. There still remain some
combination of factors whose forecasting performance we have not seen:
Table 3.3-1
t+ a + B YFt + et+1
4 9 0.020 23 538 0.02%
YFt = at + _bit Fi,t + 6;tli,t
rt, = a + B -YFamart + et+l
4 0.082 65 4331 0.13%
YFamart = at + bitFi,t + <ptrt
rt+= a + B Yhatt + et+1
9  0.053 52 2685 0.09%
Y hatt =at + Xi2 it lix + yt rt
The variables to be employed to form our trading strategy are variables in the Yhat model from the third
row in the table above. Up to this point, the reader may question whether too many combination of
factors have been tested to derive the best forecast performance. The author maintains that the model
to be employed is actually the original model being considered, with economic rational clearly specified
in Section 0. Moreover, the best model with the highest predictive power is actually the YFamar
predictor from the second row of the above table. Both the Yhat predictor and the YFamar predictor
have sound theoretic backing to explain the working mechanism. For the time being, the author will
employ the Yhat predictor and leave the YFamar predictor for future study.
After the choices of exogenous return predictors are made, there are still choices on how the exogenous
factors will make predictions. So far, the expected returns are all computed with OLS regression.
Alternative choices are:
1. Weighted least squares (WLS), with a weighting scheme giving more weights to more recent
observations.
2. Kernel regression, a nonparametric fitting method giving higher weights to data points closer to
the forecasting observation (not in time, but in magnitude).
To compare the results among OLS, WLS, and Kernel regression, I first run regressions for realized
returns on expected returns during the in-sample period for 6252 stocks. Then, I run regression for the
same variables on a much smaller subset of ranked stocks during the same in-sample period. It is this
smaller subset of stocks that will actually be considered to be given weights in our portfolio. Description
for how the ranking is generated is our topic for next section (3.4). The following table compares the
results from different regression techniques. More detailed regression statistics are kept in the
Appendix.
Table 3.3-2
6252 OLS 0.052 43.32 1876.7 0.0008
6252 WLS 0.049 41.95 1760.0 0.0007
6252 Kernel 0.054 47.15 2223.1 0.0009
Weekly Ranked 200 OLS 0.014 4.92 24.2 0.0002
Weekly Ranked 200 WLS 0.009 3.65 13.3 0.0001
Weekly Ranked 200 Kernel 0.018 6.53 42.6 0.0003
From the above table, the reader can observe that the WLS scheme does not improve prediction, but
Kernel regression's prediction can do better than OLS. It will be interesting to use the Kernel predictor in
the trading strategy and compare with OLS results. However, since there is no strong theoretical
justification for using Kernel regression besides yielding better results, and the emphasis of this
investment thesis is not data-mining, I will still use OLS regression to compute expected stock returns
and aim to run another trading simulation with Kernel predictor in a later study.
3.4 Filter Rules
There are several levels of filters implemented in my investment simulation. First, stocks that never met
the restrictions stated in Section 2 during the entire period are filtered out. This effectively truncates a
database of about 17000 stocks to just a little over 6000 stocks. Next, for each trading day (last working
day in a week, typically Friday), the stocks that do not meet the compliance rules are dropped. Lastly, for
each week, I compute each stock's expected returns with the Yhat predictor (using S&P 500 industry
returns and the individual security's return) described in Section 3.3. I then rank the securities according
to expected returns and select top 100 and bottom 100 stocks to form a weekly "selected" list. At
trading day, if a trade takes place, stocks will be selected from the 200 names to form a new portfolio
matching all the compliance requirements.
Here is a list of filtering rules examined at each trade date:
a) Stocks' unadjusted price must be between $10.5 and $975.
b) The minimum allowable position size must be greater than $100,000.
c) Assuming an order of $250,000 is executed at once, the one-way transaction cost on a per share
basis cannot exceed 25 bps.
d) The stock must at least have around 30 weeks of history to allow computation of rolling
regression coefficients.
e) Price information on the trading day must not be missing.
3.5 Execution
It turns out the transaction cost assumption from Section 2.6 can eat away profits very quickly, as each
time when the portfolio turns over, transaction cost (excluding execution price difference) will average
around 0.7% of portfolio's net worth or higher, depending on the size of portfolio. Thus, just like reality,
the trading strategy's success substantially hinges on containing transaction costs. Here are the rules for
execution:
a) Trading takes place periodically: every 10 weeks. This limits the strategy to trade only 5.2 times
per year. Positions are typically held for 10 weeks.
b) An algorithm is used trying to ensure the transaction cost from equation (1) does not exceed 30
bps by splitting a trade into multiple days to transact.
c) At most, a trade can be split up to 10 orders taking 10 days to transact.
d) At each trade, position size cannot be larger than 10% of average daily volume (ADV). This
ensures that after splitting a trade into several transactions, compliance rules will not be
violated".
e) At each trade, pick securities from the (weekly) selected stock list to form a maximized expected
return long-short portfolio, subject to portfolio compliance, filter rules, and execution rules.
f) During in-sample period, the first day of trading is January 4*, 1991. Data in 1990 is used to
obtain rolling regression coefficients.
g) In out-sample period, the first day of trading is December 31s, 2004.
'Compliance requires transaction of any security on a given day cannot exceed 10% of the security's ADV.
4 Strategy Results
4.1 In-Sample Period
During in-sample period, the strategy performed very well, with geometrically averaged annualized
return to be 15.5%, annual standard deviation of 26%, generating a Sharpe Ratio of 0.51. Below is a
summary table of daily log returns for the strategy as well as various factors and financial instruments.
Please note that the industrial factor returns are weighted by trade volume. It is, therefore, not possible
to trade them in real-time. VIX is the volatility index futures traded at CBOE. Oil and gold are nearest
month futures traded at CME. Dollar is US Dollar Index futures. Note5 represents US 5-year Treasury
Notes futures. All statistics are based on daily log returns. The reader will discover that while the tested
strategy has the highest return among all tradable instruments, its volatility also ranks at the top.
Table 4.1-1
3530 0.057% 1.640% 2.01777 -18.88% 10.68%
3531 0.045% 1.035% 1.59412 -7.11% 5.58%
3531' 0.036% 1.003% 12564 -6.65% 5.31%
3531 0.020% 0.595% 0.7216 -4.91% 3.88%
3531 0.010% 0,570% 0.3624 -4.58% 2.90%
3531 0.041% 0.766% 14342 -7.27% 5.12%
3531 0.095% 1.904% 3.35892 -27.17% 11.65%
3531 0.120% 2.387% 424078 -18.59% 16.74%
3531 0.107% 1.703% 3.76552 -10.10% 14.08%
3531 0.106% 1.445% 3.736 -17.22% 10.94%
3531 0.044% 1.961% 1.55198 -43.59% 1359%
3531 0.076% 1.635% 2.69587 -14.55% 9.14%
3531 0.122% 1604% 4.2WS16 -8.89% 14.50%
3531 0.116% 2.590% 4.10616 -22.25% 47.20%
3525 -0.018% 5.454% -0.62448 -27.51% 41.69%
3480 0.019% 0.766% 0.56 -16.67% 5.77%
3490 -0.005% 0.520% -0.16991 -427% 5.38%
3497 0.002% 0.310% 0.0738 -8.32% 1.77%
0.544% -0.05457 -2.69% 3.14%3527 -0.002%
Figure 41-1
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From the figure, we observe that for 9 out of 14 years of testing, the strategy actually underperforms
the S&P500. The strategy does not seem to work well when the market is going sideways or exhibiting
only a mild trend. The strategy's performance also seems to match the momentum factor (UMD, purple
line) well, despite the fact that none of the Fama-French factors were included in the strategy's
prediction model.
4.2 Out-Sample Period
The strategy's 15.5% annualized return during the in-sample period did not continue in out-sample
period. However, in relative terms, the strategy still outperformed most tradable instruments. From
2005 to 2009, the strategy's annualized return (geometrically) averaged 6.68%, with standard deviation
of 20.3% and Sharpe Ratio of 0.19.
Table 4.2-1
1259 0.022% 1.220% 02777 4.67% 7.63%
1260 0.026% 1280% 0.3231 -5.67% 8.34%
1260 0.002% 1.516% 0.01952 -9.46% 10.96%
1260 0.007% 1.519% 0.0913 -900% 11.51%
1260 0.0112% 0.695% 0.1478 -331% 4.01%
1260 0.003% 0.613% 0.0423 -3.80% 431%
1260 -0.012% 1288% -0.1521 -825% 7.10%
1260 0.130% 2.870% 1.64315 -19.68% 19.70%
1260 -0.002% 3.402% -0.02775 14.40% 17.85%
1260 0.061% 1.594% 1.0204 -939% 11.62%
1260 0.059% 1.548% 0.74911 -9.48% 12.04%
1260 0.037% 1.668% 0A6049 40.30% 9.30%
1260 0.041% 1.714% 0.51281 -852% 11.20%
1260 0.007% 3.522% 0.08733 -22.81% 23.53%
1260 0.063% 1.919% 1.04861 -10.67% 1321%
1260 0.043% 6.688% 0.54587 -29.99% 49.60%
1254 -0.009% 1.622% -0.11317 -9.04% 7.03%
1254 0.051% 1.28% 0.63544 -6.40% 8.36%
1256 T.05% 08% 0.05845 -237% 1.90%
1260 -0.003% 0.561% -0.03372 -3.16% 2.70%
* Strategypl starts trading on Dec 31, 2004 with about $77 million of capital
Strategyp2 starts trading on Dec 31, 2004 with about $10 million of capital
Figure 4.2-1
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During out-sample period, the strategy outperformed S&P 500 in 4 out of 5 years. When the momentum
factor experienced a dramatic decline in 2009, the strategy also lost significant value, but nowhere as
dramatic as the momentum factor. Only gold was able to outperform the strategy.
4.3 Overall
Figure 4.3-1
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With the exception of gold, 2001-2009 is a "lost decade" for all tradable financial instruments examined
in the graph. Quite surprisingly, the strategy did not lose money in year 2007, when a great number of
quantitative funds suffered tremendous losses. The strategy's robustness is encouraging. Here is a
break-down of log return and Sharpe Ratios year by year:
Table 4.3-1
Log Return by Year
Year Strat.pl Strat_p2 SP500 SMB UMD HML Gold Oil
1991
1992
1993
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
13.7%
-31.3%
10.3%
-1.1%
28.8%
9.1%
-16.3%
29.6%
109.6%
10.2%
73.6%
-7.1%
-12.2%
-11.9%
26.6%
7.3%
9.6%
1.3%
31.9%
20.7%
28.8%
25.1%
19.1%
-9.5%
-12.7%
-25.0%
25.2%
10.3%
10.7%
6.1%
5.0%
-1.2%
-6.3%
-2.5%
-5.1%
-22.8%
10.6%
-2.1%
16.8%
2.7%
18.7%
4.7%
10.0%
2.3%
18.1%
1.6%
12.1%
6.2%
10.0%
23.7%
23.2%
24.2%
0.2%
25.7%
-13.9%
0.2%
-10.2%
19.6%
16.2%
-1.1%
0.9%
2.3%
8.8%
-8.4%
-28.2%
36.1%
15.3%
11.5%
2.2%
7.9%
-8.7%
-5.1%
7.8%
-4.1%
-2.3%
-5.1%
15.9%
-2.0%
-0.2%
-5.8%
-1.1%
14.0%
11.4%
0.2%
-8.9%
0.7%
-13.7%
9.1%
7.3%
23.2%
-12.4%
-17.3%
26.0%
17.6%
-11.9%
17.8%
12.1%
14.7%
2005 -6.8% 4.6% 4.8% -1.4% 16.2% 7.9% 10.8% 10.9%
2006 25.0% 30.3% 14.7% 0.8% -5.3% 11.6% 10.3% -13.2%
2007 1.5% 5.0% 5.3% -8.1% 23.7% -11.7% 20.1% 26.2%
2008 10.8% 10.9% -46.2% 6.5% 16.9% 5.7% 2.0% -50.9%
2009 -6.1% -18.8% 23.5% 6.5% -66.7% 1.0% 20.2% 15.7%
Overall 12.1% 6.5% 7.9% 1.2% 7.6% 3.8% 2.4% 3.8%
The difference between strat-pl and strat-p2 from the above table is strat-pl starts running in January
1991, while stratp2 starts investing with $10 million on December 31 2004. In terms of algorithm, the
two are exactly the same, but portfolio weightings are somewhat different, as portfolio compliance rules
and transaction rules inevitably make securities' weighting different in portfolios of varying sizes. During
the entire 19-year period, the strategy made money in 11 years and lost money in 8 years. Let us now
examine the strategy's Sharpe Ratio:
Table 4.3-2
Sharpe Ratio by Year (based on log returns)
Year Strat_p1 Strat p2 SP500 SMB UMD HML Gold Oil
1991 0.64 1.49 0.74 0.65 -2.91 -2.00 -0.65
1992 -1.71 0.41 0.45 -0.16 2.55 -1.87 -0.37
1993 0.43 0.79 0.37 2.28 2.07 0.60 -2.18
1994 -0.33 -0.25 -0.83 -0.43 -1.13 -1.39 0.57
1995 1.21 3.41 -1.97 1.15 -0.79 -1.85 0.33
1996 0.21 1.33 -0.99 0.21 -0.38 -2.61 1.62
1997 -0.98 1.31 -1.11 0.78 0.49 -2.76 -2.07
1998 1.12 1.01 -2.62 2.16 -1.35 -0.86 -2.11
1999 2.11 0.81 0.62 1.49 -2.76 -0.46 1.95
2000 0.11 -0.68 -0.46 0.85 1.60 -1.24 0.77
2001 1.98 -0.76 1.40 -0.15 0.79 -0.53 -1.16
2002 -0.42 -1.02 0.11 1.35 1.04 1.37 1.43
2003 -0.86 1.42 2.05 -1.43 0.22 0.88 0.85
2004 -0.83 0.82 0.44 -0.11 1.16 -0.08 0.96
2005 -0.58 0.10 0.19 -0.65 1.65 1.08 0.81 0.54
2006 1.09 1.28 1.01 -0.49 -1.24 1.72 0.28 -1.15
2007 -0.19 0.03 0.05 -2.00 2.21 -3.86 1.04 1.16
2008 0.36 0.34 -1.16 0.33 0.52 0.25 0.02 -1.44
2009 -0.34 -1.04 0.86 0.61 -2.10 0.06 0.93 0.46
Overall 0.34 0.18 0.22 -0.28 0.27 0.01 -0.11 0.00
Adjusted for risk-free rate and standard deviation, the strategy still outperformed all benchmarks
examined. Of the Fama-French factors, only market and momentum really outperformed the risk-free
rate. Let's now look at monthly winning percentage and maximum drawdown over the entire period:
Strategy SP500 SMB UMD HML Gold Oil
Percentage of
Winning Months
Largest Single-Month
Drawdown
52.63% 64.91%
-21.81% -18.39%
49.56%
-15.38%
60.09%
-30.45%
53.95%
-10.87%
46.49%
-19.85%
53.95%
-23.25%
5 Factor Exposure Analysis
5.1 Realized Beta Relative to S&P500
The targeted market beta is bounded by ±0.25. In most years, this was the case.
Table 5.1-1
Overall Period Period Two
Overall
1991
1992
1993
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
0.13
0.18
0.17
0.69
0.18
0.19
0.33
0.20
0.09
1.11
0.56
(0.73)
0.11
0.01
0.21
0.25
0.65
0.19
0.15
(0.24)
0.10
0.32
0.63
0.18
0.16
(0.16).
5.2 Risk Model Setup
This section will examine the strategy's performance and risk in a risk factor model. The factors
employed are:
Fama/French Factors (in log returns):
1. Mktrf: US equity market return minus risk free rate.
2. UMD: Momentum factor
3. HML: Value factor
4. SMB: Size factor
* Volatility Factors:
1. VIX: Daily log return of the volatility index futures traded at CBOE.
2. Fear: A dummy variable equal to 1 if the level of VIX is above 35%.
Including the Fama/French factors as risk factors is a standard practice in quantitative risk management.
Including the volatility factors allow us to see how the strategy reacts from changes in volatility and shift
of regime (the fear dummy). Ex ante expectation is volatility factors should be positively related with
strategy returns because market may be less efficient under panic mode.
5.3 Factor Exposures
Before running a linear regression of strategy returns on the risk factors, let's first visually examine the
correlation between our strategy's return with Fama/French factors. "In" represents the strategy's log
return.
Scatter Plot Matrix
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Based on a visual examination, the strategy is negatively correlated with the value factor (HML),
somewhat positively correlated with the momentum factor (UMD), and weakly positively correlated
with the market factor (MKTRF). We will now turn to risk model's regression statistics to confirm the
visual findings:
Table 5.3-1
0Factor Ex sures: Out of Sample
5043
1260
0.00309 20.62 <.0001
0.0001498
0.01224, 0.0899
0.00025643 0.0855
4773.14901
Table 5.3-2
Factor Exposures: Entire Period
5043
4783
0.02092 98.83 4.0001
0.0002117
0.01455 0.1104
0.00048228 0.1093
3017.03413
A couple of observations from the risk model regression:
a) Conforming to the visual examination, the strategy return is exposed to market risk, momentum
risk, and to a lesser extent, size risk.
b) While change in volatility is a statistically significant small risk factor over the entire period, its
effect during out-sample period is practically none.
c) During the entire period, whether or not the market is in mode of fear has no effect on the
strategy's performance. Nevertheless, during out-sample period, market condition in a fearful
regime does contribute positively, albeit not as largely as expected (only 28 bps), to our
strategy's performance.
d) It can be argued that the strategy does not generate alpha under the risk model.
e) There is reason to suspect the factor exposures are not stable over time. To verify this claim, the
author conducts rolling regression on the risk factors.
Figure 5.3-1
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The graph tells us that factor exposures are themselves very volatile. Although the factor exposures'
mean-reverting tendency is quite strong, their instability is a major source of uncertainty on and of itself,
making quantitative risk management a practice of both art and science.
A risk factor analysis is also performed against the industrial factors. However, the t-statistics are
generally insignificant; the beta coefficients are very unstable and do not consistently stay above or
below zero. These results are actually expected because industry exposure is constrained by portfolio
compliance rules. Results for industry factor regression are included in the Appendix.
6 Directions for Further Research
While backtest shows the trading strategy delivered good results after transaction cost and portfolio
compliance rules, the reader may remember from Section 3.3 that there are other strategy candidates
that can potentially perform better than the strategy being tested. The candidates are:
1. Adopt Fama/French Factors and Previous Return as exogenous return predictors.
2. Use Kernel regression to compute expected returns.
Besides these candidates, the author is also keen on including analysts' forecasts of firm growth rate,
market beta, variance, and covariance into the prediction model. Since the strategy is more or less
correlated with momentum, it will be interesting to see how a portfolio will perform if it combines this
strategy with a value based strategy. Lastly, the prediction model ran on weekly data. Alternative time-
frames such as monthly, daily, hourly, or even higher frequencies should also yield interesting results.
7 Conclusion
This investment thesis supplies many lessons for those interested in investment, both quantitative and
none-quantitative:
1. The market is not completely efficient.
2. An individual security's return is, on average, negatively correlated with return from previous
period (negative own autocovariance).
3. Widely followed stocks like the S&P 500 do show leading performance in comparison with other
stocks (positive cross-autocovariance).
4. Fama/French factors show some predictive power in forecasting stock returns.
5. A stock's "noise" return has a strong tendency to mean-revert.
6. In financial markets, measured statistics like covariance and variance are not stable over time.
This makes it harder to predict the future. Weaker than expected predictability is completely
plausible with a sound model and good predictors, as seen in Section 3.2.3.
7. Nevertheless, even very tiny predicative power is able to generate profits over long period of
time.
8. Transaction costs affect investment outcome greatly and therefore must be very carefully
7addressed .
7Transaction cost records are in the Appendix
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10 Appendix
Predictive Power: OLS Re ression
In-Sample Period: 6252 Stocks
0.07728 0.0008
0.00135 0.0008
5710.00644
Predictive Power: OLS Re ression
In-Sample Period: Weekl Ranked 200 Stocks
0.07324 0.0002
0.0028 0.0002
253525716
0.02% 14.24 <.0001
0.28% 4.92 <.0001
Predictive Power: WLS Regression
In-Sample Period: 6252 Stocks
4895316
2498210
0.07728 0.0007
0.00135 0.0007
5710.13975
0.12% 41.95 <.0001
Predictive Power: WLS Recgression
In-Samnple Period: Weekly Ranked 200 Stocks
"E T 1 7
Predictive Power: Kernel Regression
In-Sample Period: 6252 Stocks
4895316
2498210
0.0009
0.0009
0.00% 27.62 <.0001
0.11% 47.15 <.0001
Predictive Power: Kernel Re ression
In-Sample Period: Weekl Ranked 200 Stocks
0.02% 15.79 <.0001
028% 6.53 <.0001
Factor Exposures: Entre Per od
industrial Factors
5043
4789
0.0183
0.0166
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1 3 $ 31,614 $ (53,194) 501 10 $ 249,740 $ 193,240
11 3 $ 63,623 $ 9,908 511 10 $ 338,710 $ 650,100
21 4 $ 65,866 $ 13,758 521 10 $ 361,450 $ (1,202,000)
31 10 $ 59,318 $ (95,475) 531 10 $ 379,580 $ (2,479,400)
41 4 $ 67,182 $ (20,588) 541 10 $ 353,030 $ 1,576,500
51 7 $ 69,297 $ 1,202 551 10 $ 423,610 $ (2,112,700)
61 4 $ 71,049 $ (11,307) 561 10 $ 615,830 $ (2,353,30D)
71 10 $ 55,975 $ (13,852) 571 10 $ 747,790 $ (3,144,700)
81 3 $ 48,944 $ 5,139 581 10 $ 679,090 $ (839,720)
91 8 $ 57,242 $ 40,262 591 10 $ 831,670 $ (889,710)
101 3 $ 58,830 $ (5,687) 601 10 $ 969,330 $ (2,737,800)
111 5 $ 44,276 $ (60,255) 611 10 $ 944,610 $ 2,393,500
121 10 $ 50,829 $ (3,847) 621 10 $ 1,042,900 $ 860,010
131 5 $ 63,976 $ (100,000) 631 10 $ 1,020,100 $ (1,134,100)
141 10 $ 64,546 $ 19,638 641 10 $ 819,120 $ 274,000
151 6 $ 55,217 $ 122,630 651 10 $ 990,650 $ 2,195,300
161 8 $ 57,513 $ (72,014) 661 10 $ 845,620 $ 2,280,300
171 7 $ 55,895 $ 25,867 671 10 $ 675,790 $ 316,810
181 4 $ 58,461 $ (54,826) 681 10 $ 712,800 $ 134,590
191 4 $ 54,981 $ 3,567 691 10 $ 769,300 $ (610,280)
201 4 $ 56,607 $ 11,634 701 10 $ 807,310 $ 95,216
211 10 $ 57,183 $ 67,875 711 10 $ 853,470 $ 686,650
221 10 $ 61,930 $ (14,152) 721 10 $ 700,590 $ 3,055,900
231 10 $ 53,706 $ (89,211) 731 10 $ 635,440 $ (2,935,900)
241 10 $ 73,922 $ 2,044 741 10 $ 504,230 $ (13,302)
251 10 $ 74,504 $ 60,315 751 10 $ 598,130 $ (8,314)
261 10 $ 78,604 $ 50,543 761 10 $ 601,040 $ 1,660,900
271 10 $ 74,815 $ 49,501 771 10 $ 592,510 $ 952,930
281 8 $ 87,338 $ (33) 781 10 $ 572,700 $ 58,763
291 10 $ 81,973 $ 18,182 791 10 $ 351,080 $ (124,550)
301 10 $ 86,295 $ (27,047) 801 10 $ 686,050 $ (314,150)
311 10 $ 94,005 $ (169,290) 811 10 $ 700,430 $ (74,903)
321 10 $ 97,804 $ 56,513 821 10 $ 638,480 $ 1,105,200
331 10 $ 100,660 $ (243,610) 831 10 $ 774,170 $ 405,370
341 4 $ 100,500 $ (157,160) 841 10 $ 695,990 $ (1,055,700
351 5 $ 97,386 $ (270,160) 851 10 $ 663,380 $ 301,750
361 10 $ 83,755 $ (52,052) 861 10 $ 536,270 $ (1,029,0009
371 8 $ 76,332 $ 46,324 871 10 $ 549,210 $ (106,890)
381 10 $ 68,456 $ (39,914) 881 10 $ 628,570 $ (286,210)
391 9 $ 83,705 $ 103,210 891 10 $ 652,180 $ 1,016,600
401 10 $ 89,291 $ 263,430 901 10 $ 520,050 $ (97,580)
411 9 $ 95,374 $ (31,716) 911 10 $ 627,650 $ 674,410
421 4 $ 93,463 $ (125,830) 921 10 $ 660,910 $ (562,670)
431 8 $ 97,587 $ (186,310) 931 10 $ 965,470 $ 550,140
441 10 $ 149,330 $ (783,940) 941 10 $ 964,540 $ (7,212,900)
451 10 $ 161,970 $ (430,870) 951 10 s 1,031,900 $ (2,067,000
461 10 $ 217,730 $ (328,570) 961 10 $ 819,80D $ (192,950)
471 10 $ 243,600 $ 1,043,900 971 10 $ 760,930 $ (157r010}
481 10 $ 266,460 $ 1,294,900 981 10 $ 794,520 $ (3,542,9009
491 10 $ 302,250 $ (216,780) 991 5 $ 722,540 $ (404,500)
Total $ 38,41,429 $ (16,W9,307)
731 3 $ 30,464 $ (54,484)
741 10 $ 60,460 $ 17,417
751 3 $ 69,730 $ 61,324
761 10 $ 71,693 $ 70,557
771 10 $ 70,686 $ 4,703
781 4 70,280 $ (41,819)
791 3 40,749 $ (25,012)
801 6 $ 91,473 $ (119,880)
811 10 $ 92,637 $ 138,550
821 4 $ 89,441 $ 78,730
831 5 $ 102,000 $ 76,856
841 10 $ 91,165 $ (155,740)
851 5 88,824 $ 48,666
861 5 74,527 $ (49,166)
871 10 $ 73,864 $ 21,532
881 10 $ 86,391 $ 46,612
891 8 $ 86,639 $ 71,263
901 6 $ 62,765 $ 39,040
911 4 $ 75,805 $ (26,135)
921 5 $ 79,355 $ (79,415)
931 10 $ 91,319 $ (4,490)
941 8 $ 116,820 $ (365,310)
951 10 $ 121,460 $ (131,790)
961 4 $ 108,440 $ 3,182
971 7 $ 96,504 $ (115,390)
981 5 $ 95,857 $ (152,850)
991 5 $ 88,818 $ (6,083)
Tota $ 2,228,166 $ (649,132)
